Abstract. Precipitation over the Iberian Peninsula (IP) is highly variable and shows large spatial contrasts between wet mountainous regions to the north, and dry regions in the inland plains and southern areas. In this work, we modelled the relationship between atmospheric circulation weather types (WTs) and monthly precipitation for the wet half of the year (October to May) using a 10 km grid derived from a highdensity dataset for the IP (3030 precipitation series, overall mean density one station each 200 km 2 ). We detected two spatial gradients in the relationship between WTs and precipitation. The percentage of monthly precipitation explained by WTs varies from northwest (higher variance explained) to southeast (lower variance explained). Additionally, in the IP the number of WTs that contribute significantly to monthly precipitation increase systematically from east to west. Generally speaking, the model performance is better to the west than to the east where the WTs approach produce the less accurate results. We applied the WTs modelling approach to reconstruct the long-term precipitation time series for three major stations of Iberia (Lisbon, Madrid, Valencia).
Introduction
Understanding precipitation variability is crucial for a number of reasons, namely: to assess recent significant climate trends and predictions, to calibrate regional models, to quantify changes in the hydrological cycle and to develop national and regional water planning. However, precipitation variability is difficult to assess because precipitation is one of the climate elements with highest variability at temporal and spatial scale. This explains the generalised recommendation of using high density precipitation database for regional analyses (Auer et al., 2005; Brunetti et al., 2006) . In Europe one of the most interesting areas to study precipitation variability is the Iberian Peninsula (IP) because of its latitudinal location (between tropical and mid-latitudes), its western position contrasting between two water bodies (Atlantic ocean and Mediterranean Sea), and also because the disposition of the main relief chain in central and western areas is West-East, while to the East the relief is North-South. Thus, precipitation in the IP exhibits high variability at spatial and temporal domains (de Castro et al., 2005; de Luis et al., 2008) .
In the IP precipitation presents the largest concentration from October to May, mainly due to the baroclinic synoptic-scale perturbations moving eastward from the Atlantic Ocean, although meso-scale convective systems can also be responsible for high rainfall rates in the eastern half of the Iberian Peninsula (Paredes et al., 2006; García-Herrera et al., 2005) . In contrast, the scarce summer precipitation is mostly due to local factors and convective storms . Furthermore, seasonal precipitation regimes in the IP exhibit a great variability, and dramatic changes during the second half of the 20th century have been detected, mostly as a consequence of the significant decrease of spring precipitation (de Luis et al., 2010) . For these reasons, rainfall spatial variability in the IP is best detected using a Published by Copernicus Publications on behalf of the European Geosciences Union.
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spatially dense network of observations (Valero et al., 2009; Gonzalez-Hidalgo et al., 2009) .
In recent years, significant efforts were made to reproduce precipitation behaviour in Europe with a particular focus in the IP from daily to seasonal scales (Spellman, 2000; Trigo and DaCamera, 2000; Goodess and Jones, 2002; Santos et al., 2005; Paredes et al., 2006; Lorenzo et al., 2008) , using an array of methods including circulation weather types (WTs). The usefulness of WTs classification has been investigated for a wide range of applications in scientific domains, from climate to environmental areas such as air quality and natural hazards, such as forest fires, floods, droughts, avalanches and storm lightning (e.g., Vicente-Serrano and López-Moreno, 2006; Demuzere et al., 2009; Prudhomme and Genevier, 2011; Ramos et al., 2011) . From an hydrological perspective, WTs classifications have been used for different purposes, including their relation with precipitation (e.g., Hanggi et al., 2011; Andrade et al., 2011) , extreme precipitation events (Mauran et al., 2010) , forest growth (Pasho et al., 2011) , drought (e.g., Fowler and Kilsby, 2002; Fleig et al., 2011) and river discharge, including floods (e.g., Wilby, 1993; Auffray et al., 2011; Fowler et al., 2000) .
The main objective of all circulation classification schemes is to provide fast, objective and reproducible methods for categorising the continuum of atmospheric circulation into a reasonable and manageable number of discrete classes (types). Different methods exist for the classification of WTs, as was shown by Yarnal et al. (2001) , Huth et al. (2008) , and Phillip et al. (2010) . These different methodological approaches can be categorised by the kind of type definition they use that can range from pure statistical (e.g., Cluster analysis and PCA) or dynamic based (e.g., intensity and direction of geostrophic wind and vorticity).
Regarding the use of WTs classification for downscaling, Bárdossy and Pegram (2011) define procedures to give confidence in the interpretation of such rainfall estimates modelled by global circulation models (GCMs). They use circulation patterns to define quantile-quantile transforms between observed and GCMs estimated rainfall in present climate and to estimate the rainfall patterns in future scenarios. Wilby (1998) modelled low-frequency rainfall events by means of airflow indices, WTs classifications and frontal frequencies. Distinct circulation weather type clusters were identified and used to construct a simplified model of daily precipitation amount. The model was calibrated against gridded data for the period 1970-1990 and used to reconstruct daily precipitation between 1875 and 1969 given the historic sequence of WTs.
In the Iberian Peninsula, Goodess and Palutikof (1998) developed a Markov Chain model to reconstruct daily precipitation at 20 locations in Guadalentín Basin (SE Spain) using 8 WTs as predictor variables. Trigo and DaCamara (2000) introduced a multiple regression model based on the three wettest WTs frequencies (the cyclonic, the south westerly and the westerly types) as predictor variables to reconstruct monthly winter rainfall totals for 18 key sites in Portugal. Spellman (2000) performed a stepwise regression analysis on a catalogue of air flow indexes to estimate monthly mean rainfall amounts for IP. Goodess and Jones (2002) expanded the regression model to include up to 14 circulation weathertypes frequencies with a forward selection method based on the F-test and applied to 20 Iberian stations. Finally, Santos et al. (2005) developed a K-mean cluster analysis over the first three principal components of the daily sea-level pressure weighted anomalies to isolate 5 weather regimes responsible for the inter annual variability of monthly winter rainfall amounts.
However, all the above-mentioned works addressing the link between monthly winter precipitation and atmospheric circulation patterns relied on very low density observation networks to validate their models, typically less than 50 stations for the whole IP. In this regard, it is perfectly reasonable to state that the spatial detail required for hydrological planning, soil erosion and many other purposes were not well captured. Also spring, summer and autumn precipitation variability have been less explored; notwithstanding October-May is the rainiest period in many areas in the IP (de Luis et al., 2010) . In this sense, the recent developing of a high density spatial database of monthly precipitation in the IP combining Portugal and Spanish land (see GonzalezHidalgo et al., 2011 and Lorenzo-Lacruz et al., 2011) provides, for the first time, an opportunity to fill this gap and facilitates the relationships between weather types and precipitation totals at high spatial detail.
The research is conducted not on precipitation variability itself, but on the nature of its variability. Accordingly, the objective of this paper is twofold: firstly modelling the relationship between the monthly frequency of WTs and monthly precipitation with the highest spatial detail available at present in the IP; and secondly to show the usefulness of such an approach in long-term precipitation reconstruction. This paper is the starting step in providing the opportunity of extending the reconstruction of monthly precipitation for a very high density of stations as far back in time as 1850, because catalogues of circulation weather types are now available since then. These reconstructions at high spatial detail would provide, in the near future, the long-term contextual framework of precipitation variability and trends in the IP, thus, allowing considering the recent changes of precipitation monthly distribution within a more global context from the middle of the 19th century. Therefore, while the main effort of this paper is focused on the evaluation of models performance during the 1948-2003 period, we will also assess the potential of this modelling approach by applying the validation with three of the longest series of monthly precipitation available in the IP.
The paper is organised as follows: section 2 describes the data, the circulation weather types used, the description of the model and the validation method. Section 3 analyses the model performance and the relative contribution to total monthly precipitation by each WT. In Sect. 4, we apply the model to reconstruct long-term precipitation for 3 stations (Lisbon, Madrid, Valencia). Finally, Sect. 5 contains a summary of the main results and the concluding remarks.
Database, Weather Types and methods

Precipitation data
We used a dense network of monthly precipitation series from MOPREDAS database (MOnthly PREcipitation DAtabase of Spain) for Spanish land (Gonzalez-Hidalgo et al., 2011 ) and a Portuguese database from INAG -Instituto daÁgua (Servicio Nacional de Informaçao de Recurcos Hídricos) . In this work, the total amount of series is 3030 with 2644 relative to Spain and 386 for Portugal with the spatial distribution being shown in Fig. 1 . The series come from an exhaustive quality control of original information and reconstruction processes; thus, all of the time series used in this work are complete (no gaps), and free of anomalous data and inhomogeneities (details can be found in Gonzalez-Hidalgo et al., 2011 and Lorenzo-Lacruz et al., 2011) . At present, the dataset is the most complete and extensive monthly precipitation database available in IP and it allows the combining of a high station density with a long reconstruction period. In this research, the selected period for modelling WTs and precipitation relationships was 1948-2003 with an overall spatial density of 1 observatory/200 km 2 . In general terms, the spatial distribution is quite homogeneous all over the IP, being lower in Galicia (NW), Extremadura (W) and Pyrenees (NE). In any case it should be stressed that this dataset holds the highest density of stations covering the entire IP ever used in any work. Additionally, we have used precipitation values for three very long monthly time series of IP (Lisbon, Madrid and Valencia) with common data between 1864 and 2003. Finally, monthly precipitation data was projected to UTM30 (Datum WGS1984) and interpolated over a grid of 10 km × 10 km resolution with an Ordinary Kriging with a spherical variogram, for a total of 5828 land pixels.
Circulation data and Weather Type classification
This study relies on a very long daily historical EuropeanNorth Atlantic mean sea level pressure dataset (EMSLP) produced for the period 1850-2003 on a 5 • latitude by longitude grid and complied by Ansell et al. (2006) in the framework of the EMULATE project. It was preferred to other long SLP datasets, namely the 20th Century Reanalysis dataset by Compo et al. (2011) , because it relies mainly on observed data and has no influence from complex assimilation processes associated with the reconstructions from GCM. Moreover, the period covered since 1850 is longer than the time period available with the 20th Century Reanalysis (since 1871). The daily circulation weather types affecting IP are characterised through the use of a set of indices adopted by Trigo and DaCamara (2000) . This classification is based on the corresponding objective classification defined for the British Isles (Jenkinson and Collison, 1977; Jones et al., 1993) and has been broadly used for studying climate variability in the Iberian region such as trends of precipitation (Spellman, 2000; Goodess and Jones, 2002; Paredes et al., 2006) , extreme events assessment such as droughts (Garcia-Herrera et al., 2007) , wet winters (Vicente- or even relationship with snow depth (López-Moreno and Vicente- Serrano, 2007 ) and modes of low frequency variability (Ramos et al., 2010) . Furthermore, this methodology has also been used for the construction of climate change scenarios (Goodess and Palutikof, 1998; Miranda et al., 2002) and even linking storm lightning activity to atmospheric circulation (Tomás et al., 2004; Ramos et al., 2011) .
The daily circulation weather types were determined using physical or geometrical considerations, such as the direction and strength of airflow, and degree of cyclonicity. The indices used were the following: southerly flow (F S ), westerly flow (F W ), total flow (F ), southerly shear vorticity (Z S ), westerly shear vorticity (Z W ) and total shear vorticity (Z); they were computed using SLP values obtained for the 16 grid points (p1-p16), as shown in Fig. 2 . These points were shifted 5 • to the east compared with the study of Trigo and DaCamara (2000) , in order to centre our area in the middle of the grid. Accordingly, we used the following expressions when calculating the six atmospheric circulation indices: 
The conditions established to define different types of circulation are the same as those imposed in Trigo and DaCamara (2000) , and the following set rules were used:
1. Direction of flow was given by tan −1 (F W /F S ), 180 • being added if F W was positive. The appropriate direction was computed using an eight-point compass, allowing 45 • per sector.
2. If | Z | < F , the flow is essentially straight and was considered to be of a pure directional type (eight different cases, according to the directions of the compass).
3. If | Z | > 2F , the pattern was considered to be of a pure cyclonic type if Z > 0, or of a pure anticyclonic type if Z < 0.
4. If F < | Z | < 2F , the flow was considered to be of a hybrid type and was, therefore, characterised by both direction and circulation (8 × 2 different types).
The indices and rules mentioned allow us to define 26 different circulation Weather Types (WTs) at daily scale and for the study period, grouped in three main classes: eight pure directional types defined by their direction: N, NE, E, SE, S, SW, W and NW, two pure types controlled by the strength of geostrophic vorticity (cyclonic C and anticyclonic A), and sixteen hybrid types (eight cyclonic and eight anticyclonic for each direction (see Fig. 3 ). Unlike some other authors (Jenkinson and Collison, 1977; Jones et al., 1993) , an unclassified class was not defined, opting to disseminate the fairly few cases (< 2 %) with possibly unclassified situations among the retained classes. This was done in order to solve the problem of the sudden increase in the unclassified class during summer for IP with Jenkinson and Collison's method detected by Martin-Vide (2002) and caused by the dominant low-pressure summer gradient over IP (Hoinka and Castro, 2003) . Another weakness of Jenkinson and Collison's method is related to the absence of pressure data at other level than SLP, which can cause to obtain a high frequency of cyclonic days (both pure and hybrid) during the summer months in some IP areas, as a consequence of frequent low pressures at surface level during this season (Capel, 2000) . Nevertheless, we found that this problem does not affect the IP when studied as a whole: summer frequencies for the combined 9 cyclonic WTs are always below 3 days per month.
For model performance it is often recommended to use classifications with a smaller number of WTs, because in this case each predictor WT benefits of a higher number of days per month potentially improving the reliability of their use in regression analyses. However, that was not the case in this work, thus, when we tried this approach with 8 directional WTs and pure A and pure C (10 WTs) the resulting model performance, measured with the normalised MAE score (see Sect. 2.3), was 9.3; for 8 directional WTs, 8 cyclonic WTs and pure A and pure B (i.e., 18 WTs) it was found to be 8.9; and finally the MAE with 26 WTs was 8.5. This means that 26 WTs improved the regression performance up to 8 % compared to what was achieved using 10 WTs only, so the classification with 26 WTs was selected for all the following analysis.
The model
The analysis was applied individually to all 5828 Iberian gridded precipitation time series and for the autumn, winter and spring months (strictly speaking from October to May), because most IP precipitation falls within these months (roughly 80 %), and because absolute amounts of precipitation due to convective processes are relatively lower during the selected months. Moreover, the IP changes in summer rainfall cannot always be explained by changes in circulation, given that local factors play a major role (Mosmann et al., 2004) . Interpolation of monthly precipitation was necessary because the spatial distribution of observations is not perfectly homogeneous over the IP. Finally, monthly analysis was preferred, because seasonal behaviour often masks different monthly behaviour in the IP precipitation Goodess and Jones, 2002; Gonzalez-Hidalgo et al., 2009; de Luis et al., 2010) .
The model selected was a multiple linear regression (with a stepwise forward selection procedure) adapted from that of Trigo and DaCamara (2000) and of Goodess and Jones (2002) . It considers the monthly frequencies (as number of days/month) of each of the 26 WTs as predictor variables, and the corresponding vector of monthly rainfall totals as the predicted variable along the study period 1948-2003 (Eq. 1). 
with α 0 ≥ 0 the constant term and α 1... α 26 ≥ 0 the coefficients for the different WTs that represent their mean daily rainfall amount (mm day −1 ).
The regression coefficients solve the non-negative leastsquares problem min Aα − α 0 , with α = (α 1,..., α 26 ) and A matrix of 26 column and 56 rows with the monthly WT frequencies. Coefficients were constrained as non-negative because they physically represent the mean daily rainfall amount due to the correspondent WT (that is non-negative by definition). The constant term α 0 was also constrained as non-negative, to reflect the rain amount due to other processes that can not be modelled by individual WTs. Up to a maximum of ten predictors were selected for individual pixels.
We selected the stepwise forward selection procedure because the model performance largely depends on the input variables (von Storch and Zwiers, 1999) , and it ensures that only relevant predictors are incorporated into the regression model. We followed this approach following Efroymson (1960) because in our case there are a large number of potential explanatory variables and no underlying theory on which to base the predictor's selection. The stepwise forward procedure also minimises the risk of over fitting of WTs in the regression, separates noise from the dominant temporal patterns of variability, and removes highly correlated predictor variables from the subset of predictors chosen for a given grid point and month. Accordingly, the selection of WTs was as follows: at each step k in the process, we checked if each new potential predictor (WTs) contribution decreased the Root Mean Square Error or RMSE (see Wilks, 2006, Chapter 6.4.3.) for the selected pixel p, month m and regression step k, as follows:
with P and O being two vectors with the respectively predicted and observed monthly precipitation values for all the N = 56 yr of the regression period . Remember that the RMSE is a non-negative number that tends to 0 when there is perfect agreement between reconstructions and observations. If the regression residuals P i − O i follow a Gaussian distribution, the RMSE is also equal to the error's standard deviation of the reconstruction. The ShapiroWilk normality test applied to all grid points and months found that the residuals are normally distributed only if the RMSE of the chosen pixel and month is low (about 40 % of 5828 · 8 months = 46 624 residual time series passed the test). At the end of the selection of the best predictor WTs, a small number of them (10 %) were still moderately correlated (r ≈ 0.4-0.6). Usually, to overcome multicollinearity problems, "...whichever of the two high correlated WTs is picked at a later regression step is omitted from the final set of predictor variables" (Goodess and Jones, 2002) . However, to minimise multicollinearity without removing a priori any WTs, we stopped the stepwise regression when the new variable introduced at a given step k did not decrease the RMSE of at least one hundredth the mean monthly observed precipitation in comparison to the RMSE of the previous step k −1. This threshold is equivalent to improve the RMSE of 10 mm of precipitation when the mean monthly observed precipitation is 1000 mm (i.e., 1 %). In this way, any correlated WTs may be excluded from the regression for some grid points if they do not improve the RMSE, but may be included in the regression model relative to other pixels if they improve the RMSE, even if we know that they are highly correlated. In brief, the proposed threshold value was chosen because at the same time it minimised the numbers of predictors (reducing over fitting and multicollinearity) without significantly decreasing the model performance measured by the RMSE score.
Even with minimised over fitting, multicollinearity can still affect 1-2 predictor WTs, depending from month and grid time series. Heteroscedasticity is also present and increases error variances for large precipitation values. Furthermore, for WTs that are not chosen as predictors, their predicted monthly rainfall amount is exactly zero mm, while in reality they often contribute to a few mm of precipitation. On the contrary, selected predictor WTs have to also account for the rainfall contribution of the excluded WTs, resulting in an overestimation of their predicted precipitation. Finally, another poor feature of the predicted time series is the relatively under-prediction of interannual variability in eastern IP, where for each month the predicted standard deviations are significantly lower (up to ten time smaller) than observed for the majority of time series (not shown, but with a spatial pattern similar to Fig. 4) .
Model validation was performed by means of a leave-oneout cross validation over the regression period for all 5828 grid time series of monthly precipitation of IP. Specifically, for each pixel and month the experiment was carried out was as follows: one year of monthly precipitation data was excluded, and then we estimated the model parameters for the remaining years and the predicted precipitation for the year discarded was then calculated.
The use of the RMSE also as indicator of goodness of model should be avoided, because it varies with variability in the squared errors, so it is impossible to discern the degree to which the RMSE reflects average errors and to what extent it reflects variability in the distribution of squared errors Matsuura, 2005 and 2006) . Instead, we evaluated the model performance with three error indexes: the Mean Absolute Error (MAE), the Mean Bias Error (MBE) and the D of Willmott (also called "Index of Agreement"). MAE index is less sensitive to large reconstruction errors than the RMSE and describes the average error alone. It can range from 0 to infinity and, of course, lower values are better. MBE provides relevant information about the average over-or under-prediction, so it can assume also negative values. Willmott's D scales with magnitude of the variables, is bounded between 0 and 1 (perfect prediction), retains mean information and does not amplify outliers (Willmott, 1981 (Willmott, , 1982 Willmott et al., 2012) . Computational forms of the three indexes are given below:
WhereŌ is the mean monthly observed precipitation during the study period. Both MBE and MAE were normalised forŌ to compare values obtained for different pixels and months, while the form of D in Eq. (5) is the modified Index of Agreement suggested by Willmott et al. (1985) , which is much less sensitive to outliers than the original formulation.
Results
Model validation
The results of the cross-validation analysis are shown in the following set of Figs. 4 and 5 that focus on different aspects of the evaluation procedure. The area with the lowest MAEvalues (< 5 % ofŌ) is located to the northwest (north of Portugal and Spanish border, Fig. 4 ). Also low MAE-values between 5 % and 10 % can be observed to the north, west and southwest except in April and May, when high values are restricted to the northern areas of Portugal, and surrounding areas of Spain. The highest values are found in the Mediterranean fringe although the area with MAE > 15 % varies between months. It is interesting to notice that the Ebro basin to the northeast inland of IP usually exhibits moderate MAEvalues ranging between 10 %-15 %. In general the spatial range of MAE-values increases in April and May suggesting that spring precipitation depends more on local factors than on synoptic patterns of atmospheric circulation. The obtained spatial pattern of MAE parameter suggests that the capacity of using regional atmospheric circulation to explain the Iberian precipitation regime decreases significantly along an axis predominately from northwest to southeast.
For each month, the distribution of the MBE is quite heterogeneous and does not show any clear spatial pattern in the IP (figure not shown); normalised MBE is greater than ±2 % only for 4.6 % of pixel-month pairs and greater than ±5 % only for 0.4 % of cases.
The spatial distribution of Willmott's D presents relatively similar results to those attained by MAE. In particular the D scores obtained for the 5828 time series also reveal a main gradient oriented NW-SE (Fig. 5) A monthly comparison of the goodness of the predictions for the whole IP can be found in Table 1 . Each of the three monthly error indexes was averaged over all the 5828 IP pixels. Although spatial information is lost, this table allows identifying which month is better reconstructed: December (normalised MAE = 7.7 %, MBE = 0.0 % and D = 0.65), while February and May are the months with the poorest performance, having the highest MAE and lower D index, respectively.
Number and type of predictor WTs
The spatial distribution of the number of predictors retained (i.e., WT) for the models are shown for each month in Fig. 6 . A small number of time series (5 %) were modelled with one predictor only; all of them are concentrated over the Mediterranean Coast. Time series with 2 predictors are spread over a wider area (17 %), particularly in March. However, the most frequent time series are those characterised with 3 predictors (28 %), being homogeneously distributed all over IP. On the other side models requiring either 4 predictors (24 % of pixels) or 5 predictors (15 %) tend to be clustered in the western and central sectors of IP. Models with 6 predictors (6 %) are usually not found on the Mediterranean Coast, but are numerous in Portugal and Andalusia in southern Spain. Finally, models requiring up to 7 and 8 predictors (the 1 % and 0.2 %, respectively) are mostly confined to southern Portugal. In general terms, there is a rough longitudinal spatial gradient in the number of WTs from West (more) to the East (less) (Fig. 7) . Temporally, the mean number of WTs scores its maximum in October (3.9 WTs mean value), November (3.8 WTs), December (3.6 WTs) and January (3.5 WTs), while the minimum value correspond to May (2 WTs), March (2.8 WTs) and April (2.9 WTs). Usually time series with a high number of WTs have lower MAE scores than series with few predictors.
For a given time series and month, the mean predicted rainfall amount of the i-esim WT can be obtained by multiplying its regression coefficient α i in Eq. (1) for its mean monthly frequency (as number of days in a month) during the study period 1948-2003. This value can be normalised for the mean observed precipitation to get the mean percentage of WT predicted rainfall for the given pixel and month. Averaging these values for all the 5828 time series during the same month we obtain the mean monthly percentage of modelled precipitation by WT over all Iberian Peninsula, presented in Table 2 . Please note that columns do not sum to 100 because we did not include the constant term and, additionally, because values are calculated dividing the amount (mm) of precipitation predicted by the amount (mm) of precipitation observed. The percentage of relative contribution of each WT to the observed monthly precipitation varies considerably from pixel to pixel and from month to month. The global monthly relative contribution of all WTs can be found in the last row of Table 2 . The highest global values are found in January (82.0 %), the lowest in April (58.2 %). On average, the global relative contribute of all 26 WTs to mean monthly rainfall from October to May is about 69.1 %, and the four wettest WTs contribute around 50 % to total monthly precipitation, namely the westerly (22.0 %), Pure Cyclonic (14.0 %), southwesterly (10.4 %) and northwesterly (4.4 %) (see column Mean of Table 2 ). The contribution of westerly (W) weather types rise gradually from October to March and then decrease until AprilMay when the lowest values are reached; the same pattern is observed with the southwesterly (SW), while the maximum is achieved in January. On the contrary, the contribution of NW and N types shows high monthly oscillations from October to May (maximum in November and May, respectively). Pure cyclonic (C) type is a special case because it drops abruptly to 2.6 % in February, while during all other months it never falls below 9 % and maximum value are achieved in April-May.
It is worth noting that on a monthly average, the 8 directional WTs contribute to 42.5 % of total monthly precipitation, the 9 cyclonic WTs contribute to 23.8 %, while the 9 anticyclonic WTs only contribute 2.7 %. On the other hand, the maximum mean value relative contribution to total precipitation of directional WTs can be observed in winter months, while for cyclonic WTs this maximum contribution is located in spring or autumn months.
With the aim of summarising results, we present in Fig. 7 , the spatial distribution of relative WTs contribution to monthly precipitation. The mean value of the precipitation contribution by the WTs identified by model, irrespectively of their number, suggests some interesting features at spatial level. In central, western and southwestern areas the mean value contribution of WTs to monthly precipitation is usually over 70 %, and sometimes even above 90 %. However, in a few restricted areas less than 50 % of monthly precipitation is reproduced by the WTs based models, particularly along the Mediterranean coast, and inland areas such as the Ebro Basin, particularly in February, April and May. A second interesting result can be appreciated in the northern mountainous sector of Iberia; this area is very humid, but the WTs only reproduce a maximum of 70 % of monthly precipitation that could be due to a systematic effect of mountain chain parallel to the coast enhancing a local forcing.
The spatial variation of the different WTs contribution to monthly precipitation is high. We present an example for January (Fig. 8) because this is the month in which the model prediction achieves higher proportion of total precipitation by WTs (82.0 %).
During January the selected WTs vary greatly from region to region. The W, SW and C types are the most spatially distributed and they contribute to a monthly precipitation over 10 % of monthly totals. The relevance of their contribution extends over all areas with the exception of the northern coast, were the NW and N predictors are predominate with their anticyclonic counterparts (A.NW and A.N, not shown in Fig. 8) , and Mediterranean fringe. The S type is globally weaker, but strongly affects Mediterranean coastland (Fig. 8) . Pure Cyclonic (C) is the wettest of the cyclonic types (Fig. 8) and has a strong influence (> 30 %) on precipitation in the northeast (Ebro Valley and Catalonia) and southern coastland of Andalucía); it also contributes to a lesser extent (between 10-30 %) over extended areas of inland IP, but it does not contribute to the northwest (Galicia), northern coastland and to the southeast (Fig. 8) . The other cyclonic WTs contribute with a very low proportion of monthly precipitation, do not show any clear spatial pattern, or have a small influence on a limited area.
The majority of the anticyclonic types were rarely selected as predictor WTs; only anticyclonic A.NW and A.N types reveal a moderate contribution along the northern coast, while anticyclonic A.SW contributes scarcely to rainfall in Galicia and Andalusia (south of Spain). 
An example of reconstruction of long term monthly precipitation in the IP
The regression model has been applied to three very long monthly precipitation series of IP, specifically Lisbon, Madrid and Valencia, corresponding to a strong W-E latitudinal gradient conditions from oceanic (Lisbon), to continental (Madrid) to Mediterranean coast (Valencia). According to previous results obtained with the validation procedure (see Figs. 4 and 5) we ought to expect a good agreement between observed and reconstructed time series for Lisbon and Madrid and to a lesser extent in Valencia. It should be stressed that the seasonal cycle is not equal for these three stations with the precipitation regime in Lisbon showing a clear maximum during the winter months. In Madrid the precipitation regime is dominated by a symmetric bimodal spring-autumn, while in Valencia, the bimodal rainfall regime exhibits a maximum during autumn. In Table 3 , we show the normalised MAE scores calculated for the independent validation period 1864-1947 and compared these with normalised MAE scores obtained for the reference period used for calibration and validation purposes. The difference between the reference MAE and the MAE achieved during 1864-1947 was divided by the reference MAE, in order to compute the relative change (as a percentage of the MAE over the reference period.
Considering only the reference period 1948-2003, it is evident that the normalised MAE score really improves from east to west, ranging from 15.3 % for Valencia in January, down to a minimum of 5.1 % for Lisbon in the same month. As expected the normalised MAE scores obtained for the independent validation period (1864-1947) are higher (i.e., worse) than scores for the reference period .
In order to compare observed and modelled values we show (Fig. 9 ) the predicted and observed January values during the whole period at Lisbon, Madrid and Valencia stations. Lisbon station shows a good agreement even during the first period 1864-1947. Madrid station shows a good agreement during the reference period 1948-2003, however, during 1864-1947 the MAE scores are higher. Valencia station always shows the highest MAE values, even during the reference period, so the model is not able to reconstruct the rainfall in this area as is capable for inland and western IP, as already discussed. Finally, two of the three stations (Lisbon and Madrid) show a general overestimation of predicted January precipitation during the second part of the 19th century. Such overestimation could be totally or partially due to known bias in the EMSLP dataset during the second half of the 19th century, which increases the frequencies of some WTs for some months, particularly the southwesterly WT, one of the main rainfall contributors in IP.
The overall quality of the model can also be appreciated visually through the analysis of scatter-plots (Fig. 10) that present observed vs. predicted precipitation for January and also relative to the three observatories described above. The figure shows how the model achieves the best fit over the westernmost station (Lisbon) declining as we move towards the central (Madrid) and the eastern (Valencia) stations. 
Discussion and conclusions
The circulation weather type classification devised by Trigo and DaCamara (2000) has been successfully applied as potential predictors of monthly precipitation in the IP after validation procedure over the 5828 Iberian grid points for the 56 yr of the reference period . The results of the regression model show qualitative agreement with previous studies (Goodess and Jones, 2002; Spellman, 2000; Trigo and DaCamara, 2000) , and improved the spatial detail information. Thus, the first novelty of the present work is related with the very high resolution achieved that improves all previous efforts developed for the IP.
Using monthly data instead of daily presents both advantages and disadvantages. Beyond the first and more intuitive advantage of the higher density available with the monthly precipitation networks, monthly data also reduces the existing uncertainties of the precipitation records, given the difficulty of having reliable and homogeneous daily precipitation datasets. In our case, each monthly series is complete during all the study period, so station density is constant in time, and homogeneously distributed all over the IP, while for daily series this is often a problematic issue. In particular, for the 56 yr studied here , the number of available stations with complete daily data over the entire IP is scarce and without a good coverage in many areas. However, we also know that using monthly data has an important disadvantage of masking the spatial and temporal uncertainty associated to extreme events and very specific atmospheric configurations (e.g., Vicente-Serrano et al., 2009) . Moreover, with a daily dataset it is not necessary to introduce a regression model to calculate the values of WT mean daily rainfall amount represented by the α 1... α 26 coefficients in Eq. (1), from which all the predicted precipitation values are derived: they can be directly obtained from the observed daily data, without introducing all the uncertainties typical of a regression model (due to multicollinearity, heteroscedasticity, non-Gaussian residuals, etc., see Sect. 2.3 for a detailed description).
As expected, the most accurate predictions are achieved in western locations of IP and there is a progressive decrease in accuracy to the east, where spatial variability of rainfall is considerably higher and cannot be captured as well by these models (Martín-Vide, 2001 ). This deficiency is partially due to the fact that precipitation events are not entirely related with synoptic scale atmospheric circulation, being also related with small scale convective phenomena, orographic effects, etc. This means that even in non-summer seasons, modelling outcomes along the Mediterranean fringe are obtained with less confidence in a well-defined area between mountain chain and coast line. Unfortunately this is an area where credible impact scenarios are of most value due to the growing mismatch between water resource supply and demand, and where human and economic activities are concentrated in the Iberian Peninsula.
In general terms, the models achieve the best results where precipitation is more regular and more abundant (western areas), and has less accuracy on the contrary (Mediterranean coast). In this context, the precipitation variability that characterises the eastern Mediterranean coastal sector of IP is associated to a very low number (1 or 2) of WTs. In this regard, past (and future) changes of monthly frequency of just 1 or 2 WTs classes are bound to have a significant impact on precipitation totals. On the other hand, the precipitation variability observed in western sectors of IP is well reproduced by the model and appear to be related with a higher number of WTs, thus, ensuring that the precipitation in this area is less susceptible to changes in frequency of just 1 or 2 classes. As a consequence, temporal changes in WTs responsible of precipitation affecting the Mediterranean coast would have more dramatic effects than single changes in WTs affecting to the west.
The general results of the study reflect with high accuracy a very well defined division of IP accordingly the WT analysed, that were detected primarily at seasonal scale in Muñoz and Rodrigo (2006) , i.e., the northern coastland, the Mediterranean fringe, including the Ebro basin and the central west areas, with different response to WT approach. In particular over the Eastland areas the effects of SST of Mediterranean Sea, and also the increment of convective processes, with very local effects, could be one of the main reasons of the lower accuracy of the WT approach presented here. The spatial distribution of main mountain chain seems to be a primarily factor of these distribution.
In addition, the regression model offers different possibilities of application. In this paper, it has been applied to three very long monthly precipitation series of Iberia Peninsula, specifically Lisbon, Madrid and Valencia for the , showing a strong West-East latitudinal gradient from oceanic (Lisbon), to continental (Madrid) to Mediterranean coast (Valencia) conditions with Lisbon having the better performance and Valencia the worst. It was shown, therefore, that the use of WTs can be of added value when reconstructing precipitation time series particularly in specific areas of IP. Comparing EMSLP with other long daily SLP database, such as the NCAR-NCEP or the 20th Century Project, would help improving reconstruction accuracy by removing the EMSLP overestimation of some WT frequencies during the 2nd half of the 19th century. Other possible improvement of the method could be achieved expanding daily SLP field to include also information given by geopotential heights (although reducing the period for reconstruction given the lack of available data for the XIX century), or including as potential predictors pressure variables that are obtained in the Jenkinson and Collison classification (average pressure, zonal flow, meridian flow, vorticity, etc.) and not only the WT frequency series. We foresee the use of these models in follow-up work in order to obtain monthly precipitation at very high density since the beginning of 20th century, and locally from the 1850s with reasonable accuracy.
